Abstract-The need to eliminate distortion from power networks has led to the development of various compensator topologies. The increasing cost of electrical energy requires the choice of the most cost-effective compensator operation. An investigation of a neural-network-based controller that chooses the most cost-effective compensator mode of operation on the basis of a continuous analysis of load conditions and the operational losses of the elements in the compensator structure are reported. The modeling of operational losses of each subtopology and the required control strategy are discussed. The results show that the operational loss savings due to the neural-network-controlled hybrid compensator were 30%-70% as compared to the conventionally controlled hybrid compensator, while also conforming to other control strategy requirements.
I. INTRODUCTION
T HE increased use of power electronic equipment in power networks led to increased levels of nonactive power in these networks. This prompted the development of various compensator topologies to compensate for the distortion. This nonactive power consists of supply-frequency reactive power and unwanted components at higher frequencies, so that the various compensator topologies employ a range of converters for the compensation of the different nonactive power components. The compensators are either designed to eliminate a specific nonactive power component, or a combination of converters is used to simultaneously compensate for a few nonactive components [1] - [3] , [7] - [9] .
Recent advances include the following:
• static var compensator [fixed capacitor (FC) , thyristorcontrolled reactor (TCR)]-for the compensation of fundamental frequency reactive power; • fixed-filter thyristor-controlled reactor (FF-TCR) compensator-for the compensation of fundamental frequency reactive power and harmonic reduction [12] .
• dynamic (active) distortion compensators [voltage (VFC) or current (CFC) fed]-harmonic and nonharmonic power compensation (dependent on energy storage element) [1] - [3] , [6] .
• hybrid compensator-fundamental frequency reactive power and harmonic/nonharmonic power compensation [1] , [2] , [11] , [13] , incorporating some or all of the above. The choice of compensator depends largely on the type of load, the distortion levels in the power network, the effectiveness of the compensator and, very importantly, the cost implications for the user. Under constant-load conditions, a particular compensator would suffice. It is, however, not the case when the load and the accompanying distortion varies with time, which is the case with present nonlinear dynamic high-power loads on the network. In these cases, a need exists to switch to another compensator or compensation strategy, that is more effective in compensating the changed load condition. It would, therefore, be advantageous to construct a single compensator from various converters-hybrid compensator-so as to enable the user to compensate effectively at all times the distortion caused by this load [7] - [9] .
In order to be able to operate such a hybrid compensator cost effectively, an intelligent control system, capable of constantly monitoring the load and updating the compensation strategy, is needed. Keeping in mind that, with the technology available today, compensators can effectively operate for periods in excess of 20 years, it makes good economical sense to operate the compensator as cost optimally as possible [4] , [10] , [17] .
The evaluation of the kind of line distortion present is a complex pattern recognition task which necessitates the fast parallel-processing ability of a neural network trained specifically for this purpose. A deterministic scheme using, for example, Fourier analysis to determine harmonic components for each and every case would certainly be too slow considering the requirement that compensation be effective even in the presence of rapid changes in line distortion.
This paper investigates the development of a neural network based controller for the cost-optimal control of a hybrid compensator. Special attention is given to the following aspects that are essential for developing the artificial neural network controller: modeling of the operational losses and characteristics of the hybrid compensator, modeling of the cost-effective control strategy, and training and testing the artificial neural network. 
II. HYBRID COMPENSATOR CONFIGURATION
The structure of the hybrid compensator is shown in Fig. 1 . In order to work on a practical example, an experimental hybrid compensator existing in our laboratory was investigated. This had the following particulars:
• 21-kvar three-phase FF-TCR compensator with LC filters tuned at the 5th, 7th, 11th, and 13th harmonic frequencies, switched individually (LC5, LC7, LC11, and LC13) [13] (the filters are capacitive at fundamental frequency, with the TCR supplying the adjustable inductive reactive power); • 6-kVA three-phase CFC [10] . The hybrid compensator is to be applied for the compensation of a 25-kVA nonlinear load (NLL), consisting of an inductively loaded thyristor controlled rectifier. The characteristics of the line currents drawn from the supply are the following:
• fundamental frequency reactive power-adjustable from 0 to 21 kvar inductive; • harmonic currents generated-harmonic currents are generated at the 5th (maximum 20%), 7th (maximum 10%), 11th (maximum 5%), and 13th (maximum 5%) harmonics (values are percentages of fundamental) [16] . The above-mentioned converters are of the parallel type. They provide compensation by absorbing unwanted (nonactive) components of the currents in the power network. In the general case, a line (load) current in the power network can consist of an active component , fundamental frequency reactive component (normally inductive character), 5th, 7th, 11th, and 13th harmonics , , , , and a component that contains the remaining harmonics and distortions . The nonactive current components describes all types of distortions and is defined as . In the hybrid compensator the tuned LC filters perform a twofold task: 1) the individual filterbanks each deliver a fixed amount of fundamental frequency reactive power (capacitive nature) and 2) in the presence of sufficient series network impedance ( 5%), the filterbanks absorb a large percentage ( 85%) of the harmonic currents present in the line current. The TCR of the FF-TCR produces a regulated amount of fundamental frequency reactive power (inductive nature) and, in this way, allows compensation of the reactive current component ( ). The thyristor control of the reactors results in additional harmonics being generated [18] . These harmonics, as well as those present in the power network, can be eliminated by the LC filters. The purpose of the CFC is to compensate higher order harmonics, other distortions, and harmonics not entirely eliminated by the LC filters.
The above-mentioned compensators have been modeled to agree with the experimental pilot plant. Both the TCR and the CFC contain stable low-level controllers that ensure the correct operation of the separate converters. The complete system with low-level controllers was simulated with The Electromagnetic Transients Program (EMTP). This simulation was used to verify the intelligent controller operation.
III. NEURAL-NETWORK-BASED CONTROLLER
The controller that is investigated consists of a trained neural network. The controller analyzes the load conditions as well as the operational losses and constraints of the different compensator structures and proposes a cost-optimal compensation strategy for the hybrid compensator. The cost-optimal strategy that is proposed comprises the switching (in/out) of the appropriate compensator structures (filterbanks, TCR, CFC) that are necessary to compensate effectively for the distortion caused by the load, without incurring too great a penalty from the operational losses point of view.
A consumer who has a nonlinear load connected to the supply might, in the future, incur a certain cost penalty for the distortion caused by his load. This is evident from the great drive internationally by supply utilities to lay down limits for the distortion caused on the power networks by the multitude of nonlinear loads connected to them. Parallel to this, new costing structures for the supply of electricity to consumers have already been, or are in the process of being, introduced worldwide. This is done in an attempt to minimize the adverse effects that harmonics have on consumers connected to the supply network [4] , [5] , [8] . The aim of the hybrid distortion compensator is, therefore, to reduce these costs to a minimum, by reducing the level of nonactive power at the consumer's bus [11] - [13] .
It is, however, important to bear in mind that the converter structures consist of nonideal components (lossy inductors, transformers, semiconductor switching elements, etc.). The inexpert use of the compensator structures could result in an appreciable cost penalty (operational costs) that tends to reduce the financial benefit obtained from the compensation process as a whole. The neural network controller topology was decided on because of the ability of a neural network to adapt its highly interconnected structure to conform to a desired response pattern. The parallel-processing ability of these kind of networks make them excellent choices for controllers that are both inherently fault and noise tolerant [14] , [15] , [19] , [21] .
The proposed control approach is shown in Fig. 2 . The figure shows that a measurement of the present load condition is made (the line current ). From this measurement, the following current components are calculated: the magnitude of the active and reactive components ( ) at the fundamental frequency, as well as the magnitude of the harmonic components of the 5th, 7th, 11th, and 13th Fourier components (
). This information acts as the input to the neural network controller that performs a "supervisory" control function in the system as a whole. Based on the knowledge acquired during the training phase, the neural network controller decides on the appropriate control strategy, i.e., the best combination of compensators, for the given load condition. Each of the converters, LC5, LC7, LC11, LC13, TCR, and CFC, can be switched on or off individually; thus, there are 2 64 different switching combinations from which the correct switching combination must be selected for every possible load condition.
In order to be able to successfully train the artificial neural network, a clear understanding of the operational characteristics, constraints, and losses of the converters of the hybrid compensator are indispensable. In the following section, the modeling of the various hybrid compensator structures (filterbanks, TCR, CFC) are discussed with reference to their operational losses and characteristics/constraints.
IV. CONVERTER MODELING

A. Operational Losses
The operational losses of the hybrid compensator that are modeled in this section represent first-order approximations of the real converter losses. That is, attention is only given to the main loss components of each converter. The operational losses of the hybrid compensator can be decomposed into two main categories: FF-TCR-related losses and CFC-related losses. For the above-mentioned categories, the following loss centers can be identified [11] , [18] .
• FF-TCR compensator:
• TCRs of the FF-TCR;
• filterbank inductors;
• filterbank capacitors.
• CFC:
• switching losses;
• conduction losses;
• current source inductors;
• output filters.
1) FF-TCR Compensator Losses: a) TCR:
The losses of the TCR consist of thyristor conduction losses, snubber losses, and losses in the reactors of the TCRs. Of these losses, the losses associated with the reactors are the most significant. The losses consist mainly of copper losses (the conductors) and core losses (eddy currents, etc.). The losses associated with the reactors also exhibit a strong frequency dependence due to factors such as the skin effect, the proximity effect, and a nonsinusoidal excitation of the reactor core [18] . Using the results derived in [18] , a loss model dependent on the power delivered was derived for the system under investigation. Fig. 3 plots the operational losses in relation to the reactive power being delivered by the reactor. As the reactive power increases, the current through the reactor increases, leading to the increase in losses. (Note that 1 per-unit inductive reactive power is that of the reactor bank.) b) Filterbank inductors: The losses associated with the filterbank inductors were modeled to represent the combined losses associated with the delivery of fundamental frequency reactive power and the absorbing of the current harmonics present in the line current. The loss modeling here again involves making use of a frequency-dependent inductor model to account for the conduction losses ( ), skin effect, proximity effect, eddy currents, etc., associated with the excitation of the inductor core. A typical loss curve for the inductor of a filterbank is shown in Fig. 4 . c) Filterbank capacitors: The losses associated with the filterbank capacitors are related to the nonideal dielectrics and conductors used in practice. Therefore, a certain loss is associated with the power capacitors, causing the phase angle between the voltage over and the current through the capacitor to be less than the expected 90 . Research has, however, shown that, for power capacitors, these losses are negligibly small in relation to other losses in the system and are, therefore, neglected in the loss modeling discussed here [18] .
The operational losses of the total FF-TCR compensator consists of the arithmetic sum of the losses of the various components, as discussed above. Studying Figs. 3 and 4 leads one to conclude that the operational losses of the FF-TCR compensator are strongly connected to: 1) the amount of reactive power delivered by the TCR and 2) the amount of harmonic current being absorbed by a filterbank. It is important to note that, in the system discussed here, the losses of the reactor of the FF-TCR Fig. 4 . Typical loss curves of fifth and seventh harmonic filter inductors for the experimental system used for the study (see Fig. 1 ). The rating of Ca-La was 21 kVA, capacitive, three phase at 50 Hz.
is an order of magnitude higher than that of the filterbank inductors due to the large amount of reactive power delivered.
2) CFC Losses: The topology of the CFC has been discussed elsewhere [10] . Each phase consists of a current source (inductor), a single-phase full-bridge (20-kHz switching frequency), and an output filter (low pass) formed by the capacitor and the leakage inductance of the isolation transformer. a) Switching losses: The switching losses are the losses associated with the turn-on, turn-off, and snubbing processes of the switching elements in the bridge. These losses are highly dependent on the switching frequency and pattern. The losses are, however, small in comparison to the other losses and rarely exceed 1% of the installed power of the CFC [10] .
b) Conduction losses:
The conduction losses related to the switches of the switching bridge form a more significant portion of the total operational losses of the CFC and, therefore, required more detailed modeling. In modeling the conduction losses, attention is given to the differential on-state resistance ( ) and the on-state voltage ( ) of the semiconductor switching element. As a result, the losses are highly dependent on the current ( ) flowing through the semiconductor element ( ). c) Current-source inductor: The losses associated with the current-source inductor are primarily conduction losses and are modeled as losses, where represents the ohmic resistance of the inductor.
d) Output filter:
The losses associated with the output filter consist of the losses of the filter capacitor and those of the isolation transformer. As mentioned previously, the losses of the filter capacitor are negligibly small. The isolation transformer's losses are, however [18] , significant. The loss parameters are obtained from open-circuit and closed-circuit tests performed on the physical transformer. Here, again, the strong dependence on the current (power) flowing through the transformer is noteworthy.
Combining the losses of the various components of the current fed compensator determines a model for the total operational losses of the CFC. This loss model exhibits a strong dependency on the level of power that is delivered by the compensator, as can be seen from Fig. 5. Fig. 5 plots the operational losses of the CFC in relation to the power being delivered. The losses are normalized with respect to the installed power of the CFC (6 kVA). Since it includes all the loss components, the effect of losses can especially be seen as the power (current) increases beyond the maximum efficiency point of the CFC, since increase in either capacitive or inductive reactive power by the CFC corresponds to higher currents in the system. Fig. 6 presents the operational losses of the FF-TCR and CFC of the modeled pilot plants, in relation to the level of power that is being delivered. The axis displays the reactive power being delivered as a percentage of the installed power for each individual converter (21 kvar for the FF-TCR and 6 kVA for the CFC). The axis represents the operational losses that are normalized for both CFC and FF-TCR with respect to the 21 kvar of the FF-TCR. Note that the increase of capacitive reactive power in the FF-TCR is achieved by reducing the inductive reactive power of the reactor bank (increases in firing angle of the thyristors, ie., reduction of the current flow angle). This leads to a reduction in losses with an increase in capacitive reactive power. From the curves, it can be reasoned that the aim of minimizing the operational losses of the total hybrid compensator can be realized by: 1) minimizing the power delivered by the CFC and 2) ensuring that the reactive power delivered by the FF-TCR is maximized. The first requirement can be met by sensibly applying the CFC, i.e., only switch it in to meet conditions of compensation that cannot be met by the other subsystems. The second requirement requires the intelligent switching of the filterbanks of the FF-TCR so as to ensure that the reactive power (capacitive) of FF-TCR closely matches the reactive power (inductive) of the load, thus minimizing the level of inductive reactive power of TCR of the FF-TCR.
B. Operational Characteristics
V. CONTROLLER MODELING
A. Control Strategy
The control strategy required from the trained artificial neural network was the following: 1) always ensure that the reactive power absorbed by the load is fully compensated for; 2) ensure that the level of the current harmonics is such that the total harmonic distortion of the line current never exceeds a predetermined value (5% was chosen); 3) after complying with requirements 1) and 2), above, ensure that the specific switching state of the hybrid compensator structures ensures the most cost-effective solution. This control strategy yields an excellent compromise between the cost of not compensating the distortion caused by the load, and the operational costs associated with compensating for the line distortion. The way in which the above strategy was embedded in a trained neural network is discussed in the following section.
B. Training the Artificial Neural Network
The neural network was trained on a dataset consisting of several input-output relationships that contained the desired costoptimal compensation pattern for various load conditions. The inputs to the controller are the distortion components of the load, i.e., (fundamental frequency reactive power), , ,
, and (the harmonic current components of the load current). The outputs from the controller are the following control signals that are used to switch a particular converter in (1) or out (o): LC5, LC7, LC11, LC13-switch the different parallel filter banks in or out; TCR-switch the TCR in or out; CFC-switch the CFC in or out. The desired control outputs for the controller based on a certain load condition, were derived by means of loss models for the various converters. The operation limitations and effects were also taken into account. In the eventual overall control, the transients also have to be considered, but this falls outside the scope of the present paper.
A total of 7776 load conditions was used to construct a dataset of desired input-output pairs that was used to train a neural network by means of the backpropagation algorithm [19] , [21] using the Brainmaker's program [21] . The exact, detailed particulars of the artificial network is not made available by this program. The load conditions covered samples from the entire set of possible load conditions, so as to ensure that a representative dataset was used to train the neural network. The number of input-output pairs (7776) was determined empirically from tests done on datasets consisting of 1024, 3125, 7776, and 16 708 data pairs to be a suitable size for constructing and training the artificial neural network (see Table I ).
Each of the five input variables was normalized between 0-1. For this purpose, the maximum values of each input variable were determined as follows. From an estimate of the maximum load, a basic reactive current was calculated. In turn, the magnitude of the various harmonics was determined on the basis of typical power systems.
The six output variables were similarly normalized between 0-1.
For the training of the neural network, each input variable range was divided into equal intervals. As an example, assume that each input variable could take on four possible values: 0, 1/3, 2/3, and 1. In this case, the full table would consist of 4 1024 entries. If a greater resolution were required, the relationship between increment size and the required number of points in the data set would be as follows:
It was, thus, important to choose the resolution so as to maintain a balance between accuracy and training time. Fig. 7 presents a graph of the calculated operational losses of the hybrid compensator for the different input-output pairs used to train the neural network. Each data pair is assigned to a load condition for which a representative switching configuration is reduced. The graph shows the theoretically calculated operational losses calculated as a result of the compensation of the specific load condition using the suggested output pattern. In determining the suggested output pattern for the neural network, due cognizance was given to the control requirements cited in the previous section. From the graph, six different regions can be identified. These regions correlate with changes in the switching pattern of the converter structures that form the hybrid compensator, as the load characteristic changes.
The structure of the artificial neural network that was trained successfully with training sets described above consisted of three layers-one input, one hidden, and one output layer-with five, 150, and six neurons on them, respectively.
The EMTP simulation and the neural network software could not be integrated within one loop cycle because of parameter transfer problems. The loop was interrupted, that is, the process was stopped and the simulation parameters were transferred to the neural network software manually.
VI. RESULTS
An artificial neural network, trained as described above, was tested by evaluating the operational losses of a hybrid compensator controlled by a suitably trained neural network, in relation to a conventionally controlled hybrid compensator (all the converter structures remain switched on). The comparison was done using the EMTP program mentioned ear- lier. The load that was compensated for by the hybrid compensators, was an inductively loaded thyristor controlled rectifier of which the firing angle was varied to obtain eighteen different load conditions.
Figs. 8 and 9, respectively, represent the comparative loss figures and the relative savings in the operational losses obtained by the procedure described above. From Fig. 9 , it is clear that the neural-network-controlled hybrid compensator consistently outperformed the conventionally controlled hybrid compensator, delivering savings in operational costs of between 30%-70%. This finding obviously applies only to the present system available in the laboratory as described earlier, but illustrated the principle. Further work is necessary in refining the losses in the hybrid compensator and refining the training of the neural network. The other requirements of the control strategy described earlier were also consistently satisfied by the neural-network-controlled hybrid compensator.
VII. CONCLUSION
The work discussed in this paper aimed at highlighting the design steps involved in designing a neural-network-based controller for a laboratory-based hybrid dynamic filter with known load, as well as identifying the problem, understanding the system to be controlled, the modeling thereof, identifying the control objectives and, finally, the generation of a dataset utilized for training the neural network. In the paper, attention was given to the modeling of the operational losses of the various compensator structures and the operational characteristics of the converters in relation to the losses were discussed. Finally, it was shown how a suitable dataset can be constructed to successfully train a neural network controller for the cost-effective operation of the specific hybrid compensator used in this example. The load used is only a first approach, since this was available in the laboratory, and we had to use the laboratory system in order to train the artificial neural network on calibrated data. The work is being continued on an extensive subnetwork of the national utility supplying unidentified distorted loads. The neural network controller was shown to have clear operational cost advantages over the present system, encouraging further investigation for general utility systems. Cost considerations, however, cannot only be based on operational cost, and this is an involved issue that falls outside the problem constraints of the present paper.
